In recent years, multi-label learning has been used to deal with data attributed to multiple labels simultaneously and has been increasingly applied to various applications. 
Introduction
In traditional task of single-label learning, each instance is only associated with a single class label. However, in many real-world problems, one object can possess multiple concepts simultaneously, so leading to the so called multi-label learning [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] . The multi-label learning has soon received increased attention and is now applicable to a wide variety of domains, including text classification [3] [4] [5] , gene function classification [6] [7] [8] , image annotation [9] , video automatic annotation [10, 11] , web mining [12, 13] and so on. In the last decade, a number of multi-label classification algorithms [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] have been developed for multi-label data, such as Binary Relevance method [9] , lazy method [15] , LEAD method [17] .
The curse of dimensionality [18] always causes serious problems when learning with high-dimensional data. PCA (principal component analysis) [19] and LDA (linear discriminant analysis) [20] are two classic dimensionality reduction methods. To extend to the multi-label learning, the MLSI method [21] , the MDDM method [22] and some other methods [23, 24] have been proposed. However, these dimensionality reduction methods transform the high-dimensional feature space into a new, lower dimensional space with a linear or non-linear projection, which may make the features lose their original semantic information so making it difficult to remove irrelevant or redundant features. Feature
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selection is a process of selecting a subset of well distinguished features from all the original features for classification. Feature selection methods can be broadly divided into two categories: filter method [18, 25] and wrapper method. In a multi-label case, Zhang incorporated feature selection mechanisms into MLNB to improve the classification performance [26] . Kong, et al. improved the classical ReliefF and F-statistic algorithms and adapted the single-label methods to multi-label data [27] . Though there exist several feature selection methods for multi-label data, multi-label feature selection is still a challenge problem. The reason is that in the multi-label case, one data point may be attributed to multiple labels simultaneously, features are not at ease to decide whether they are useful for all the multiple concepts [27] .
ReliefF [25] is a classical feature selection algorithm. It utilizes the correlation between the characteristics to make similar samples close and keep heterogeneous samples apart in order to achieve the purpose of the feature selection. An extended ReliefF method, MReliefF [27] , has been proposed for multi-label feature selection. It decomposes the problem into a collection of two-class problems and discussion for the cases that the "hit" and "miss" sets contain both classes is provided.
In this paper, we present a new multi-label feature selection algorithm based on ReliefF, we termed it ML-ReliefF. Some characteristics of the proposed method are highlighted below:
To study the correlation between multiple labels, we set all the labels one instance owns as a labelset of the instance. To study the correlation between the samples and the labels, we modify the calculating regulation of k nearest neighbors by using the number of same label they owns with the sample instead of the distance. To study the correlation between the samples, we add the similarities between the samples into the updating formula of feature weights.
The rest of the paper is organized as follows. In the next section, some related work is briefly introduced. The proposed ML-ReliefF method is then described in section 3 and experimental results are presented in section 4. Finally, section 5 concludes and sets out future work.
Related Works

Single Label ReliefF Feature Selection
Assume that there are n instances and L labels. Let 
L
classes (other than C ), it also finds K nearest neighbors denoted as Miss( C ); So the formula for updating every feature is computed as, However, in the multi-label problem, the label that sample point t x is associated with is not one label class but a set of labels, and other samples that own a subset of the label set of t x may also own some labels out of the label set. In MReliefF [27] , the difficulty is overcome by decomposing the problem into a set of pairwise two-class single-label classification problems. It works well on some image annotation tasks. Now, we want to further consider about the influence that the whole label set on each instance and each other labels out of the set in terms of feature weights. Another objective is to make the method more generalized not only for image annotation tasks, but also on other multi-label tasks.
Multi-label ReliefF Feature Selection
Aspects of ML-ReliefF
As one instance can have more than one labels, we define the set of all related labels as the label set, and we define the Hit and Miss( C ) by the number of the labels that each other sample point associated with and is the same as in the label set. Corresponding to that, we define and adapt the prior probabilities of the label set. In addition, we add the similarity between the sample points into the updating formula of feature weights to consider the impact from the nearest neighbors on each feature. Next we will introduce our method from three aspects in detail.
Definition of Hit and Miss( 
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Prior probability of the label set: After we delimit the concept of label set for instance 
is the number of the instances that have the same label with t x , and n is the number of all instances. Because one instance is associated with a set of labels, and for other instances, one may be associated with multiple labels in the label set. So we redefine the   x and j M is similar. In this way, the label information has been considered by adding correlations between the instances in multi-label feature selection.
ML-ReliefF Algorithm
From the above aspects, we come to the updating formula for the feature weights as,
The Algorithm below shows the procedure. 
Experiment
A series of experiments were conducted on four different kinds of multi-label datasets. Table 4 summarizes the descriptions of these datasets.
Table 4. Multi-Label Dataset Description
Different from the conventional classification problem, the multi-label classification requires more complex evaluation metrics. We used the F1 score [27] and five evaluation metrics described in [15] . We used the multi-label classifier: ML-kNN [15] 
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Copyright ⓒ 2015 SERSC different feature selection algorithms, in which we set the number of the nearest neighbors in ML-kNN to 10. The reasons for choosing the ML-kNN classifier are as follows: It is a classifier with simple approach but good performance. And it is a multilabel classifier that is widely applied and used.
In the experiments, the proposed algorithm was compared with three other methods:
(1) ORI [18] : using all features (no selection); (2) single-label ReliefF [19] ; (3) MDDM [22] : It is a feature extraction method. For the multi-label dimensionality reduction, there are many feature extraction methods that give good performance but few feature selection methods. We compare our method with MDDM to verify its effectiveness; (4) MReliefF: It is the first and perhaps the only existing multi-label feature selection method based on ReliefF [27] . The authors have verified the superiority of MReliefF over the BR-ReliefF and LP-ReliefF, which are based on problem transformation.
Comparison of Feature Selection Methods
In the experiments, for the ReliefF, MReliefF and ML-ReliefF, the parameter K was set to 1 on the Medical and 3 on the other three datasets. We also set parameter m (the number of samples) to 300. The latter part of this section will illustrate the reasons for the selection of these parameters. Fig.1 shows the F1 scores of different methods with classifier ML-KNN for every 10 percentage. From the results, one can see that on the Image dataset the performances of the proposed method and other methods are almost the same; but on the other three datasets, our multi-label feature selection method performed better than the other methods on the F1 score, indicating that our multi-label feature selection method can be better suited for more types of datasets than other methods.
Figure 1. Comparisons of Classification Results using different methods with MicroF1
With the result of F1 score on different dimensions, we chose the part that both the MReliefF and ML-ReliefF perform well to compare their average precision. For the Image set, we chose the dimensions between 215 and 265, and for the Human, Plant and From the results, one can see that on the Image dataset, the two methods have the same good performance and on the other datasets, the ML-ReliefF outperforms the MReliefF. As on the Plant and Human, the proposed method achieved 3% higher average precision than MReliefF, and about 10% on Medical.
In Table 5 , we chose the selected dimensions which we regarded both methods gave good performance, as it has been shown in Fig.2 . It can be seen that for the Image dataset, the proposed method works as well as the MDDM and MReliefF. As the number of dimensions increases, our multi-label feature selection method yields a much better performance, especially on the Medical dataset than the MReliefF. We attribute this to two reasons: (1)In certain datasets, one can find that there are some labels which are only attached with one sample, so if one uses the MReliefF, one may lose information on the nearest neighbors. The proposed method, which uses labelsets, can avoid this problem to a certain degree. (2)As the number of features increases, distance can't be a good measure for computation of nearest neighbors. So we use the number of the labels which the test sample and train samples both contains to choose the nearest neighbors which makes the similarity measure performance better. For m : as we know, when the number of the training samples increases, the average precision increases, but the computational time also increases. So one needs to find a balance for m to make both the performance and the time optimal. We tested m from 100 to 500 on the datasets besides the Medical and the results are shown in Fig.4 . From the experiment results in Fig.3 and Fig.4 , we can see that for parameter K , both
MReliefF and ML-ReliefF yield good performance at the value of 3. For parameter m , after the value reaches 300, the classification results become flat. So in our experiments, we set the parameter K to 3 and parameter m to 300.
All the results of the experiments demonstrate the effectiveness of the proposed method, with which, the selected features represent the most discriminant characteristics.
Conclusion and Future Work
In this paper, we present a new feature selection method for multi-label data called ML-ReliefF. The method introduces the concept of label set, modifies the calculation and regulation of the nearest neighbors and adds the similarities between the samples into the updating formula of feature weights. The proposed method works better than the MReliefF on most datasets when used with the ML-kNN classifier, in terms of the classification accuracy. The proposed ML-ReliefF can still be improved in several aspects. For instance, the correlations between labels can be further taken into account. The future work will focus on how to explore the label correlations into the multi-label feature selection. 
